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(57) ABSTRACT

Methods, apparatuses, and computer readable media for
detecting abnormalities in a characteristic of an eye using
eye-imaging methods are presented. A plurality of images of
the eye are received over time. Each image includes a plural-
ity of pixels, which can be partitioned into blocks of pixels
with varying sizes, called pixel partitions. A value is deter-
mined for each pixel partition, e.g., an average of the pixel
values. A pixel partition set may be identified, which includes
a pixel partition from each image, corresponding to a com-
mon region of a patient’s eye. A regression model is com-
puted for each pixel partition set using the values determined
for each pixel partition. The regression model computes a rate
of change of the retinal nerve fiber thickness at individual
pixel partitions over time. An abnormality may be identified
by comparing the rates of change of the model and the
expected age-related rate of change.
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1
DETECTION OF DISEASE-RELATED
RETINAL NERVE FIBER LAYER THINNING

CROSS REFERENCES TO RELATED
APPLICATIONS

This application claims priority to U.S. Provisional Appli-
cation 61/649,896, filed May 21, 2012, and titled “Detection
of Retinal Nerve Fiber Layer Thinning,” the disclosure of
which is incorporated herein in its entirety and for all pur-
poses.

FIELD OF INVENTION

Embodiments of the present invention generally relate to
the design and development of novel methods to analyze
progressive retinal nerve fiber layer (RNFL) thinning in
patients with possible eye abnormalities, such as glaucoma
and different types of optic neuropathies.

BACKGROUND

Glaucoma is the most common type of optic neuropathies
and a leading cause of irreversible blindness worldwide.
Characterized by progressive loss of retinal ganglion cells,
measurement of their axon bundles—the retinal nerve fiber
layer (RNFL)would be useful to detect and track the progres-
sion of the disease. The Guided Progression Analysis (GPA)
(Carl Zeiss Meditec, Dublin, Calif.) is a commercially avail-
able algorithm to detect longitudinal RNFL changes in the
RNFL thickness map using spectral-domain optical coher-
ence tomography (OCT). In the analysis of RNFL thinning,
change at individual pixels may be displayed in the RNFL
thickness change map if the differences between two baseline
visits and one follow visit are statistically greater than the
test-retest variability of that particular pixel. However, the
ability of GPA on the RNFL thickness map for detection of
progressive RNFL thinning can be limited.

It is therefore desirable to provide improved methods and
systems for detecting early progressive RNFL thinning. The
current invention is designed to address these issues.

SUMMARY

Embodiments relate to methods, apparatuses, and com-
puter readable media for detecting abnormalities in the retinal
nerve fiber thickness (or other characteristic) of an eye using
imaging methods, for example spectral-domain optical
coherence tomography (OCT).

Some embodiments include receiving a plurality of images
of'the patient’s eye, where each image is obtained at a differ-
ent time. Each image of the plurality of images may be made
up of a plurality of pixels, each pixel indicating a time-vary-
ing characteristic of a particular location in the patient’s eye.
Each image may be divided into a plurality of pixel partitions,
where each pixel partition includes one or more pixels, e.g.,
2x2 pixels, 4x4 pixels, 10x10 pixels, or just one pixel. A
plurality of pixel partition sets may be identified, where each
pixel partition set includes a pixel partition from each image
and the pixel partitions of the same pixel partition set corre-
spond to a common region in the patient’s eye. For each pixel
partition set, and for each pixel partition of each pixel parti-
tion set, a respective value for the respective common region
of the pixel partition set may be determined, e.g., an average
of the pixel values.

The respective value may correspond to a time-varying
characteristic of the pixel partition at the time of the corre-
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sponding image. A regression model for each pixel partition
set may then be calculated from the respective values of the
pixel partitions, with a computer system. The regression
model may include a rate of change value at individual pixel
partitions. Then, it may be determined whether the common
region that corresponds to the pixel partition set exhibits at
least one abnormality in the patient’s eye if the rate of change
of' the regression model is more negative than the age-related
change of that particular pixel partition. The age-related
changes may be determined from a longitudinal dataset col-
lected from a normal healthy cohort. In some embodiments, a
false discovery rate of the detected abnormalities is com-
puted. Once an abnormality has been identified a disease
prognosis and a treatment plan can be provided.

Other embodiments may include functional regression
models that include non-linear polynomial terms or autocor-
relation terms. Embodiments are also directed to systems and
computer readable media associated with methods described
herein.

BRIEF DESCRIPTION OF THE DRAWINGS

A further understanding of the nature and advantages of
various embodiments may be realized by reference to the
following figures. In the appended figures, similar compo-
nents or features may have the same reference label. Further,
various components of the same type may be distinguished by
following the reference label by a dash and a second label that
distinguishes among the similar components. If only the first
reference label is used in the specification, the description is
applicable to any one of the similar components having the
same first reference label irrespective of the second reference
label.

FIG. 1A is a flowchart of a method according to embodi-
ments of the present invention.

FIG. 1B is a flowchart of additional method steps accord-
ing to some embodiments.

FIGS. 2A-2D, and 3A-3D are illustrative results compar-
ing existing methods (GPA) and methods and apparatuses of
embodiments of the present invention.

FIGS. 4A-4C illustrate the importance of accounting for
age-related change as part of the embodiments of the present
invention.

FIG. 5 is a graphical illustration showing a regression
model according to embodiments of the present invention.

FIG. 6 shows a computer system of various embodiments
of the present invention.

DETAILED DESCRIPTION

Embodiments of the present invention describe a func-
tional regressive modeling approach to detect disease-related
RNFL changes in individual pixels of RNFL thickness
images of a patient’s eye, measured at different time points.
RNFL changes detected in the patient’s eye, as measured by
analyzing certain data in the functional regressive models, if
greater than the age-related change, may signal eye abnor-
malities, such as glaucoma.

Commercially-available algorithms for detecting longitu-
dinal RNFL changes in the RNFL thickness map using spec-
tral-domain optical coherence tomography (OCT) can be lim-
ited. For example, the detection method may not be sensitive
enough to detect early change. Second, even if a change is
detected, the change may not be disease-related. In other
words, the current method may not differentiate disease-re-
lated from age-related change. Third, statistical test per-
formed at multiple pixels in the RNFL thickness map would
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increase the likelihood of detecting false positives. A method
providing information about the specificity of the detected
changes is important for interpretation of the analysis. Irre-
versible loss of vision could occur in patients with glaucoma
if treatment is not provided at the early stage of disease when
progression is detected. On the other hand, patients may be
over-treated if the detected changes are age-related or false
positives.

Embodiments of the present invention may solve these and
other problems, including differentiating disease-related
from age-related change and reporting the false detection rate
of the change analysis in a patient’s eye.

For example, embodiments of the present invention may
include eight 2-dimensional digital images of a patient’s eye,
wherein each image is taken every four months over a 3-4
year period, and wherein each image comprises 200x200
pixels, each pixel having a value that represents the RNFL
thickness at that particular location of the patient’s eye. The
200x200 pixels are then divided into a plurality of pixel
partitions (e.g. 4x4 pixels for each partition to form 50x50
pixel partitions). The average values of RNFL thickness are
calculated in each pixel partition. Embodiments may then
calculate a regression model (e.g. least squares linear regres-
sion) for each pixel partition by using the RNFL thickness
data values from all eight images at the same corresponding
location. The regression models of each pixel partition may
therefore form a matrix of regression models, arranged in the
same order as the partition locations. Each regression model
may include a slope value term, which represents the change
in RNFL thickness at that particular pixel partition of the
patient’s eye across the follow-up time period. If a slope value
ata pixel partition exceeds the age-related change value of the
same pixel location, then it may signal that the RNFL thick-
ness at that location in the eye has an abnormality, such as
glaucoma. In some embodiments, the age-related rates of
change of RNFL thickness and their 95% confidence intervals
at individual pixel partitions are generated from linear mixed
modeling on long-term longitudinal RNFL data collected
from a cohort of healthy normal eyes.

Some embodiments may include calculating at least one
false discovery rate (FDR) in the matrix of regression models,
whose rates of change values signal an abnormality; or con-
trolling the FDR in defining the abnormality threshold for
each regression model in the matrix of regression models. The
FDR may represent the percent likelihood that the signaled
abnormality is a “false positive.” Multiple FDRs in the matrix
of'the regression models may represent different percent like-
lihoods (e.g. 5% likely, 25% likely) that the signaled abnor-
mality is a false positive.

FIGS. 2B-D and 3B-D illustrate some examples of data
analysis that may be performed by present embodiments.
These examples, among others, will be explained in more
detail in the following paragraphs. Specifically, this disclo-
sure is divided into several sections, including detailed
descriptions of: I. Method embodiment, II. Regression mod-
eling, I1I. Regression modeling with error term, IV. False
discovery rate, V. Non-linear regression model, VI. Sample
data, and VII. Computer system embodiments. First, referring
to FIG. 1A, example methods of embodiments of the present
invention are described.

1. Method

FIG. 1A is flowchart of a method 100 for identifying
regions of abnormalities in a patient’s eye according to
embodiments of the present invention. The method includes
receiving a plurality of images of a patient’s eye, where each
image is composed of a plurality of pixels. Each image is
divided into a plurality of pixel partitions, each including at
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least one pixel of the image. A plurality of pixel partition sets
are then determined, each pixel partition set including a pixel
partition from each of the images, where each of the pixel
partitions correspond to a common region of the patient’s eye.
A regression model is then calculated for each pixel partition
set, using values determined for each pixel partition of the set.
The regression is analyzed to determine whether the common
region of the patient’s eye corresponding to the pixel partition
set has an abnormality. In some embodiments, this analysis
includes measuring a slope value of the regression model.

In block 102, a plurality of images of the patient’s eye are
received. An imaging device may record a plurality of images
of a patient’s eye using an imaging device, and these images
may be received by a processor or other image repository.
Example imaging devices may include magnetic resonance
imaging (MRI) devices, ophthalmology imaging devices,
including but not limited to spectral-domain optical coher-
ence tomography, scanning laser polarimetry and polariza-
tion sensitive optical coherence tomography, spectral imag-
ing systems, or digital fundus cameras. For clarity, assume
that J images of the patient’s eye are recorded. Each image
may include a plurality of pixels, arranged in any configura-
tion, but may commonly be arranged in a square or rectangu-
lar pattern or matrix. Each of the J images is recorded at
different times. Certain method embodiments record the J
images over a period of years, where each image may be
recorded several months apart from each other. One of the
purposes of recording the images over such a period may be
to create a longer term history of the development of a
patient’s eye, so that trend analysis can be performed over
such a time period.

The imaging device can then send the images to a computer
system. The computer system may include the imaging
device, or the imaging device may be networked to the com-
puter system. Alternatively, the images may be recorded on a
computer readable medium (e.g. a compact disc), which can
be loaded into the computer system. Thus, a computer system
can receive the images in various ways. Each of the steps
below can be performed by one or various components of a
computer system.

Having obtained the J images, at block 104, each image
may be divided into a plurality of pixel partitions, or sub-
images, which include one or more pixels. The pixel parti-
tions may be sets of pixels of an image grouped in close
proximity to one another. For example, in an image com-
prised of 40000 pixels arranged in a square 200x200 matrix,
the image may be divided by pixel partitions of 4x4 pixels
each, for a total of 2500 pixel partitions. The pixel partitions
do nothave to be uniform in size, and each pixel partition does
not have to comprise more than even 1 pixel. The pixel par-
titions also may not comprise contiguous pixels of the image.
For example, in an image comprising 10,000 pixels arranged
in a square 100x100 matrix, the image may be divided by
pixel partitions comprised of every other pixel in a column
and row in a square 10x10 matrix, e.g. the 2", 4™, 6™ 8" and
107 pixels of a row, for each of the 2, 47 6% 8% and 107
row comprises one pixel partition. In this example, each pixel
partition is arranged in this way, thereby generating 100 pixel
partitions of the 100x100 image.

Atblock 106, the pixel partitions of each of the ] images are
grouped with other pixel partitions of every other image,
arranged by a correspondence to a common region of the
patient’s eye. For example, assume there are 8 images of a
patient’s eye recorded over a span of years, each image com-
prised of 100 pixels in a 10x10 matrix. The images are divided
into pixel partitions of 2x2, with no pixels skipped, for a total
of 25 pixel partitions for each image. A pixel partition set,
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therefore, may comprise the top left pixel 2x2 pixel partition
of each of the 8 images, assuming that the top left corner of
each image corresponds to the same region of the patient’s
eye, but recorded at different instances in time. Therefore, the
first pixel partition set comprises all of the pixel partitions of
each of the 8 images located at the position {(1,1), (1,2), (2,1),
(2,2)}, where (i,j) is the pixel location at the ith row from the
top and jth column from the left in a pixel partition matrix.
Similarly, another pixel partition set would be the area just to
the right of the previously mentioned pixel partition set, at
matrix positions {(1,3), (1,4), (2,3), (2,4)}, comprising 8
pixel partitions, one from each image. Pixel partition sets
would be similarly defined in this way, thereby creating 25
pixel partition sets, each comprised of 8 pixel partitions—one
from each of the 8 images. In general, it can be seen then that
for a plurality J images divided into a plurality of M pixel
partitions, M pixel partition sets may be identified, each com-
prising J pixel partitions.

Other embodiments may arrange pixel partitions and pixel
partition sets in a different way. For example, some may be
arranged by matrix location, but others may be aligned where
necessary to link the areas of each image corresponding to a
common location of the patient’s eye. In cases where the
location of the patient’s eye is slightly skewed or shifted in an
image, other analysis and alignment may need to be per-
formed and are not limited in the present invention.

In some cases, performing analysis in pixel partitions
instead of individual pixels may be preferred. For example,
the use of an average value of a pixel partition minimizes
alignment error related to imperfect image registration which
can be secondary to insistent ocular magnification during the
longitudinal follow-up (e.g. patients may undergo cataract
surgery and that will change the ocular magnification). Addi-
tionally, analyzing data in pixel partition increases the com-
putation efficiency. This is important because the 3D data sets
can be very memory-intensive. Analyzing pixel partitions
instead of individual pixels would substantially reduce the
computation time. Also, there are areas in the retina (e.g. the
nasal sector of the optic disc) where RNFL thinning is
unlikely to occur in disease-related or age-related conditions.
Using a larger pixel partition in this sector can further
improve the computation efficiency.

Having identified a plurality M of pixel partition sets, at
blocks 108, 110 and 112, a regression model analysis is
performed for each pixel partition set. As part of the regres-
sion model analysis, multiple regression models are calcu-
lated. One regression model is calculated for each pixel par-
tition set, and then the regression models are analyzed to
determine abnormalities.

Atblock 108, a value V for each of the J pixel partitions is
determined. Each value V may represent a time variant char-
acteristic of the patient’s eye at the location of the pixel
partition. For example, the pixels of an image may represent
RNFL thickness of a patient’s eye, measured in micrometers.
A value V then for a pixel partition of 4x4 pixels may be the
average RNFL thickness of those 16 pixels. In another
example, V may be the RNFL thickness value of the top-left
pixel. In an example where pixel partitions comprises a
square 3x3 matrix of pixels, V may be defined as simply the
RNFL thickness of the central pixel of the 3x3 matrix. The
present invention is not limited to the choice of V or how V is
derived, but certain methods may rely on the methodology of
determining V being made uniformly for all pixel partitions
and pixel partition sets.

At block 110, a regression model is calculated using the
values V of each pixel partition in the pixel partition set. The
regression model may be a number of different models,
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6

including linear regression, ordinary least squares, mean
square error regression and the like. The regression model
may also trend non-linear curves, and/or be higher ordered
polynomial models. More details of the use of regression
models in embodiments of the present invention are provided
below. However, in general, a purpose of performing regres-
sion or trending analysis is to compute and analyze a change
in the values V over time.

At block 112, an analysis of the regression model is per-
formed. In some embodiments, this includes determining
whether the values V have changed over time. Such a deter-
mination may indicate that the corresponding common region
of the pixel partition set exhibits at least one abnormality in
the patient’s eye. Determining whether there is such a change
may be based on analyzing a slope value provided in the
regression model. In other embodiments, there may not be a
slope value but rather some sort of non-linear rate of change
value that represents a rate of change of the values V for each
pixel partition. For example, a regression model running ordi-
nary least squares may comprises a slope value B as a func-
tion of time. After calculating an ordinary least squares
regression on a pixel partition set, it is found that the slope
value B is a statistically significant negative value. However,
this may not indicate an abnormality in the particular area of
the patient’s eye corresponding to the pixel partition set
because the change may be age-related. Therefore, the slope
value B will be compared with an age-related slope value
corresponding to the particular area. If the slope value B is
more negative than the lower 95% confidence limit of the
age-related slope value in the pixel partition, a disease related
change is detected. If the pixel partition set measures RNFL
thickness of the patient’s eye, this may mean that the patient
is suffering from glaucoma or some other eye disease. The
slopes of age-related change may vary from pixel partition to
pixel partition. These values may be generated from long-
term (at least 3 years) longitudinal data obtained from healthy
normal eyes with no evidence of any ocular diseases. In some
embodiments, a composite model of typical changes due to
aging in healthy normal eyes is generated using data sets from
multiple healthy patients. This model may be further
extended by subdividing the data sets by certain characteris-
tics, e.g. gender, ethnicity, occupation, or other common char-
acteristic.

In some embodiments, the regression model includes an
error value. The error value may be used to represent the
concept that the measurements taken from the recorded
images may be merely approximate, and therefore the con-
clusions reached in the regression models have a slight
amount of uncertainty. In some embodiments, the error values
of a regression model may be modeled as having a Gaussian
distribution. Such an assumption may allow certain embodi-
ments to make more precise conclusions, based on known
theory in statistical analysis. Embodiments may also include
determining a degree of certainty in the detection results by
performing hypothesis testing and/or computing a false
detection rate. These methods may be explained more in the
following paragraphs, and may be exemplified in test results
as shown in FIGS. 2B and 3B.

As previously stated, the methods described in blocks 108,
110 and 112 may be repeated for each pixel partition set. For
example, if there are 2500 pixel partition sets each comprised
of 16 pixel partitions from 8 images of a patient’s eye, then
2500 regression models are calculated, one for each pixel
partition set. Each regression model conducted therefore
measures whether an abnormality may exist in the patient’s
eye at the particular corresponding region to the particular
pixel partition set. Advantages of methods described herein
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include being able to not only localize and isolate regions of
a patient’s eye, but also to differentiate disease-related from
age-related change and include a false detection rate for inter-
pretation of the results.

II. Regression Model

As described above at block 110, embodiments may gen-
erate a regression model for each of the M pixel partition sets
of'the J images. Any suitable regression model may be used.
In general terms, a regression model describes a relationship
between one range variable y and at least one explanatory
variable X. Regression models utilizing only one explanatory
variable are called simple regression models, while having
more than one explanatory variable is called multiple regres-
sion. Here, the explanatory variable X may represent the time
domain of a common location of the patient’s eye, recorded at
distinct intervals by each of the J images. The data points of X
therefore correspond to the times at which the J images in
block 102 of FIG. 1A were recorded. The range variable Y
may be the values V in block 108 of FIG. 1A, determined for
each of the pixel partitions in the pixel partition set.

In some embodiments, V represents an average RNFL
thickness of a pixel partition. Hence, a simple regression
model of some embodiments will plot the RNFL thickness of
a common region of a patient’s eye as a function of the health
of the patient’s eye over time. For each regression model,
there would be J data points (X,Y), one data point for each of
the J images corresponding to a common region of the
patient’s eye.

One purpose of regression modeling is to generate a math-
ematical function that accurately describes a “curve fit” to the
sample data. While there are finite, discreet data points in
real-life sample data, it is easier to analyze data if a continu-
ous function accurately or approximately represents the dis-
creet data points. This curve fit that regression modeling
generates may describe such data, and is reflected in the
method step at block 110. Some embodiments use a “linear
curve fit” to model the data. The linear curve fit regression
model may be described as Y=BX+A, where Y again is the
range variable describing RNFL thickness of a common
region of the patient’s eye, X is the time domain, B is a slope
value that describes how the RNFL thickness has changed
over time, and A is the initial RNFL thickness at base time=0.

By generating a regression model using the J data points of
a pixel partition set, one may be able to analyze the data to
determine how the RNFL thickness in the patient’s eye has
changed over time. The value B may represent precisely this
change, and thus if the change is negative (e.g. B is a negative
value), the regression model may then indicate that the RNFL,
thickness has been degrading or weakening over the sample
period of time. Block 112 reflects the aforementioned analy-
sis of what the value B may be and determination of whether
the data in the regression model signals an abnormality in the
patient’s eye.

Blocks 110 and 112 of FIG. 1A may include more sophis-
ticated calculations and analysis. For example, instead of a
simple linear regression model, a more precise curve fit may
be calculated, including multiple explanatory variables or
including higher ordered curve fits. Other statistical methods
may be employed that may minimize the effects of outlier
data, and/or may accurately express the degree of error or
uncertainty in the curve fits. Various modeling techniques
may be used, including ordinary least squares, generalized
least squares, Bayesian linear regression, etc. Additional sta-
tistical methods may be incorporated to improve analysis,
such as calculating a false detection rate for multiple testing.
Again, the regression modeling techniques described herein
are not limiting, and all techniques devised by persons of
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ordinary skill in the art related to the techniques described
herein may be included in certain embodiments.

FIG. 5 illustrates an example regression model 500 of one
pixel location in a pixel partition set. The dots 510 may
represent data points of RNFL thickness of a single pixel
location over a period of time. The horizontal axis 520 may
represent the time dimension, taken over a period years, with
units in months. The vertical axis may represent the RNFL
thickness, or the value V in block 108 of FIG. 1A. A regres-
sion analysis is performed on this particular pixel to generate
the regression line 540. A slope value may be determined
from the regression line 540 to demonstrate that the RNFL
thickness is gradually decreasing of the measured period of
time.

Again, each pixel location in the pixel partition set may
have a regression analysis 500 performed, to similarly obtain
a regression line 540. Each regression model thus allows a
determination of how the RNFL thickness at that pixel loca-
tion may have changed over time. When the entire set of pixel
locations has regression models performed on them, an
RNFL thickness map showing potential changes over the
entire region can be determined.

Referring to FIG. 1B, flowchart 150 illustrates further
analysis for determining whether the common region of the
pixel partition set exhibits at least one abnormality, according
to some embodiments. That is, according to some embodi-
ments, flowchart 150 may provide further details of block 112
of FIG. 1A, by taking into account age-related rates of change
that may be typical in a patient’s eye and does not necessarily
constitute a disease-related change. At block 152, a rate of
change of RNFL thickness of the patient’s eye may be deter-
mined at the J individual pixel partitions. In some embodi-
ments, the rate of change of RNFL thickness of the patient’s
eye may be based on the regression model computed at block
110 of FIG. 1A.

At block 154, the rate of change from block 152 may be
compared with an age-related rate of change for each of'the J
pixel partitions. The age-related rate of change may be
obtained from a longitudinal dataset collected from a normal
healthy cohort. In some embodiments, a composite model of
typical changes due to aging in healthy normal eyes is gen-
erated using data sets from multiple healthy patients. The
age-related data may be further extended by subdividing the
data sets by certain characteristics, e.g. gender, ethnicity,
occupation, or other common characteristic. Thus, more spe-
cific age-related rates of change may be used to fit a more
common profile of the particular patient, in some embodi-
ments.

At block 156, in some embodiments, a disease-related
abnormality may be determined if the rate of change of the
patient’s eye is more negative than the age-related rate of
change being compared against. The age-related rate of
change may follow a normal distribution. Disease related
change may be defined when the rate of change of the
patient’s eye in a pixel or pixel partition is more negative than
the lower 95% confidence limit of the age-related change in
the corresponding region. Other cutoff values of the confi-
dence intervals of the age-related change may be used to
define the change. In other words, the rate of change of the
patient’s eye may not be fully accounted for just by the
age-related rate of change, and thus it is more likely that the
rate of change is disease-related. In some embodiments, as
discussed more below, other factors may be used to deter-
mined disease-related rates of change, including incorporat-
ing a false detection rate for rates of change at individual pixel
partition sets. In other cases, error terms may be introduced
into the regression model. In other cases, non-linear regres-
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sion models may be used. In other cases, any and all of these
examples may be used in combination with one another.
Embodiments are not so limited.

III. Regression Model with Error Term

As mentioned above, more sophisticated regression mod-
eling can include an error term and are included in some
embodiments. A regression model with an error term is
described in more detail here. As mentioned above, the error
value may be used to represent the concept that the measure-
ments taken from the recorded images may be merely
approximate, and therefore the conclusions reached in the
regression models, e.g. whether there is an abnormality in a
region of the patient’s eye, have a slight amount of uncer-
tainty.

Serial RNFL thickness maps are registered with reference
to a baseline with reference to the trajectory of the retinal
blood vessels. After registering and aligning the retinal blood
vessels in all the images, a functional response and a scalar
independent variable model may be constructed:

Sisot)=also)+P(sa)i+e(so 1)

where t denotes time (t=0 represents the time at the baseline);
f(s,t) denotes the RNFL thickness in a particular geographi-
cal location, s,=(X,, ¥,), at time t; a(s,) is a functional con-
stant representing the true RNFL thickness at the baseline;
B(s,) denotes the rate of change of RNFL thickness and e(s,t)
denotes the random measurement error.

Assuming the measurement error, €, as a Gaussian process
independent of time, t, local RNFL thickness changes at the
geographical location s, can be estimated by ordinary least
square estimation,

Covlz, f(so. ]

Piso) = Varld]

with baseline estimated by &(s,)=F(s0,1)~P (s, )t. The measure-
ment error € may be determined based on the linear model
used to perform the regression.

IV. Hypothesis Testing and False Detection Rate

In some embodiments, the degree of (un)certainty of each
conclusion based on the regression models, e.g. whether there
is an abnormality in a region of the patient’s eye, is deter-
mined. Methods for calculating this degree of (un)certainty
may include performing hypothesis testing and false detec-
tion rate (FDR) error analysis. Other methods for calculating
the degree of (un)certainty may be employed, and embodi-
ments of the invention may not be so limited. These calcula-
tions may be included in block 112 of FIG. 1A, where the
calculations may be used to improve the accuracy of detecting
abnormalities.

In some embodiments where hypothesis testing is used, a
null hypothesis may be devised, and statistical analysis may
be employed to determine if a slope or rate of change value in
the regression model does not satisfy (e.g. can reject) the null
hypothesis. For example, a null hypothesis (H0) may be that
the rate of change of RNFL thickness at a region in question
does not change, e.g. slope=0. Typically, hypothesis testing
makes determinations based on confidence intervals. For
example, the question of whether the null hypothesis of
slope=0 is true (or false) is determined to a degree of confi-
dence, e.g. 95% confidence. In other words, the regression
analysis may determine whether the slope value representing
change in RNFL thickness has actually changed (e.g. slope is
not equal to 0), and whether that determination is accurate to
a degree of confidence of 95%. If the slope value is in fact not
0, and the conclusions satisfy the 95% confidence interval,
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then it can be said that we are at least 95% certain the RNFL
thickness has been changing, indicating most likely some
abnormality in the patient’s eye. Thus, in some embodiments,
for each region of abnormality, a likelihood the abnormality
detected is a false positive may be determined, based on the
false detection rate for each region of abnormality. Addition-
ally, in some embodiments, determining whether the com-
mon region that corresponds to the pixel partition set exhibits
atleast one abnormality inthe patient’s eye is based further on
the likelihood the abnormality detected is a false positive,
consistent with the false detection rate analysis described
herein.

The hypothesis of no local RNFL thickness change, H,:
B(sg)=0, can be tested by using t-test with n-2 degree of
freedom by defining the extreme probability (P-value) as 7 =
P {IxI=7 (30)IX~T,,_,} (the probability of obtaining an abso-
lute value larger than T (s,) under t distribution with n-2
degree of freedom), where

ooy = ‘ﬁ(m -
Shiso)
1 n 2
=) {f (s0. 1:) = [aso) + Blso)ss]}
i=1
Shioo) =

i G-
i=1

and n represents the number of longitudinal observations
used. The hypothesis of no local RNFL thickness change is
rejected if P is less than or equal to a predefined threshold,
which is the significant level of the single test.

In other embodiments, a false detection rate (FDR) is also
included to further measure the degree of (un)certainty. Gen-
erally, FDR measures the number of false abnormalities
detected as a ratio of the total number of abnormalities
detected. It can be seen, therefore, that the FDR is a useful
indicator to show that, given the number of supposed abnor-
malities detected, how likely is it that the detections are truly
legitimate abnormalities. If FDR is relatively low then, and
there are a relatively high number of abnormalities detected,
then one may be very confident that the patient has a serious
eye problem. Persons with ordinary skill in the art may make
judgments that differ from this exemplary analysis, and in any
case embodiments of the present invention are not so limited.
FDR calculations and analysis may be explained in more
detail below.

Due to the large amount of hypotheses testing involved in
the high density RNFL thickness map, it is important to
quantify and control the detection error of RNFL thickness
change. The false discovery rate (FDR) introduced by Ben-
jamini and Hochberg would be an appropriate index to quan-
tify the detection error, which is defined as

number of false positive detection
FDR=E

number of positive detection
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The exact FDR may be difficult to be estimated. However,
the supremum of the FDR can be estimated by

A number of tests X sig level used for a single test
sup(FDR) = s

number of positive detection

where supremum is defined as the least upper bound such that
a condition still remains true. In this case, the supremum of
the FDR may be an accurate approximation because the FDR
is a value that can be pre-defined but may not be reached
exactly.

Other than quantifying the false discovery rate of the mul-
tiple significance testing, the FDR can be controlled by vari-
ous techniques such as the Benjamini Hochberg procedure,
and enhanced by a two-stage procedure suggested by Ben-
jamini et al through appropriate adjustment to the signifi-
cance level used in each significance test. These two tech-
niques may be included in some embodiments of the present
invention, and more techniques may also be included.

The Two-Stage Procedure (with Equal Weighting):

Set a predefined FDR level (the desired supremum), q, and
define

g=—1
g+1°

Order all the single location extreme probabilities P ;)=

P s ... =P, and find

k —max{j:ﬂj) < %1/},

where m is the total number of t-test performed in the whole
map, j is the value to be maximized such that the inequality
after the colon holds.

Find

ot

kz :max{j:?m = mjzk}’

and rejecting the hypotheses of no change in all locations with

kag'

pﬁm—k

In situations where the units of interest are the thickness
change in spatial clusters, the cluster testing and trimming
procedure suggested by Benjamini and Heller can be adopted
to detect partitions with significant change as well as the
specific locations of significant change in those partitions
without changing the test statistics.

By evaluating different pixel partition sizes (1x1,2x2, 4x4,
8x8 and 10x10 pixels) of the RNFL thickness map or image,
embodiments of the present invention reveal that the regres-
sion analysis is robust to the partition sizes when using the
average RNFL thickness within each partition to regress
against time. The regression approach is also robust to miss-
ing data at locations where scan quality is insufficient for
reliable segmentation of the RNFL.
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V. Non-Linear Regression Model

As previously alluded to, the functional regressive model
calculated at block 110 of FIG. 1A can be extended to qua-
dratic or higher order linear model. When the evaluation of
the RNFL is performed in regular intervals, the rate of change
of RNFL thickness can be modeled into a Functional Autore-
gressive Moving Average [functional ARMA(p,q)] process:

flso, )=

r

9
L oionn 95,05+ 3 st etsn 1= 10+ oo
sedso =

where ¢, and m; are the weighting parameters related to the
previous measures and measurement errors, respectively.

Given the order of the autoregressive component pz1, a
more representative form can be obtained by taking the first
difference, Af(s,t)—1(s,t)-f(s,t-1), and the functional ARMA
(p,q) model becomes:

Af(so, 1) = 1{p>0}><f

(S0, S)X f(s, 1 —)ds +
xeéxo

p-l q
f Bi(s0, ) XAf(s, 1= s+ Y {mj(s0) X&(s0, 1= )} + Blso, D
5o =0

i=1

where  and ¢, are the weighting parameters representing the
contributions of the latest RNFL thickness and changing pat-
tern in the d-neighborhood of the geographical location s, to
current local RNFL thickness change, Af(s,, t), the higher the
absolute value of the parameters, the more the influence
power to the progression of the testing location; m, are the
weighed parameters related to the spatio-temporal correlation
of measurement errors across time; 1{¢} is an indicator func-
tion which equals to 1 if the enclosed criteria is satisfied and
0 otherwise. In some embodiments, lattice data is observed
instead of functional data. In such situation, the above model
is also known as a Spatio-Temporal Autoregressive Moving
Average STARMA(p,q) model.

By modeling the RNFL thickness into the above model, the
effect of surrounding RNFL thickness and their changes can
also be examined. Under the functional ARMA(1,1) with
7(50,8)=0 and P(s,,0)=p*(sy), the functional Autoregressive
Moving Average model would able to capture the functional
response and a scalar independent variable model mentioned
above.

Ifa sufficiently large sample of images or video data can be
collected, it is even possible to extend it into a dynamic
process, commonly refer as a continuous-time ARMA(p,q),
in form of a stochastic partial differential equation (SPDE):

9
wf(SOa =
1 ) q ;
& &
La ®D;(s0, S)ﬁf(& nds + mj(So)WE(So, D¢+ Blso, 1)
=0 0 7=0
where
&
ar
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is the n-th stochastic partial derivative with respectto t; e is a
white noise process (usually assumed to be a Wiener process/
Brownian motion).

On the other hand, if the examination intervals are spo-
radic, smoothing, such as kernel smoothing, or kriging pre-
diction, builds on Krige (1951), can be applied to approxi-
mate the RNFL thickness profile in regular intervals and the
functional ARMA or the STARMA model can be applied.

In addition, large sample of longitudinal images can be
analyzed by adding the mixed effects into the ARMA model
to form a Functional Autoregressive Moving Average Linear
Mixed Model. Biomedical studies using autoregressive linear
mixed model have been proposed and developed in Feried
(2001) and Funatogawa, et al (2007 & 2008).

V1. Example Data

FIGS. 2 & 3 are examples of patients’ eye images and
subsequent detection of RNFL progression using existing
OCT methods and embodiments of the present invention.
Specifically, FIGS. 2A and 3A show results from the Guided
Progression Analysis on the RNFL Thickness Maps per-
formed by the Cirrus HD-OCT (Carl Zeiss Meditec, Dublin,
Calif.), a commercially available OCT product, and FIGS. 2B
and 3B show results from embodiments of the present inven-
tion. Foreach A & B pair, the same data set is used to illustrate
improvements by embodiments over the commercially avail-
able techniques. Each figure includes a series of RNFL thick-
ness maps recorded over a period of time, where the total span
of time ranges from August 2007 to July 2011 for FIG. 2 and
from August 2007 to September 2012 for FIG. 3.

Referring to FIGS. 2A & 2B, at item 202, an RNFL thick-
ness map of a patient’s eye was first shown to be recorded on
Aug. 2, 2007 (Exam 1). At item 204, a total of 11 RNFL
thickness images were recorded, the last recording occurring
on Jul. 21,2011 (Exam 11). Images 206 are blue, yellow, and
red images, where the color represents RNFL thickness,
according to the scale 208, ranging from 0-350 micrometers.

In FIG. 2A, test results 200 from an existing technique,
Cirrus HD-OCT, were obtained in order to detect for an eye
abnormality glaucoma. The substantially black and white
images below the colored figures in FIG. 2A represent the
analysis performed by the Cirrus HD-OCT technique. Item
210 of FIG. 2A shows that at Exam 8, an eye abnormality was
detected, colored by the red blotch in the substantially black
and white photo. This detection is based on the Guided Pro-
gression Analysis of the Cirrus HD-OCT product. It high-
lights the areas where the differences in RNFL thickness
between the follow-up visit and the baseline 1 and baseline 2
visits are greater than the test-retest variability of RNFL
thickness in those areas. Thus, using previously existing
methods, an eye abnormality could be detected based on
different time-variant images spanning over two years and
three months. However, it is not known if the changes repre-
sent age-related change and the probability that the changes
detected are false positive.

In contrast, FIG. 2B illustrates example test results gener-
ated by embodiments of the present invention. Here, 11 eye
exams, from image 220 to image 224, were received, and
regression model analysis as described in FIG. 1A was used to
determine eye abnormalities. The test results of FIG. 2B show
that embodiments reveal eye abnormalities for the same set of
images 206 in FIG. 2A in July 2009 with a false detection rate
<5% (coded in red), at item 228, or 4 months earlier than
previously existing methods. The substantially black and
white images 224, with spots of yellow and red, represent
detection results of abnormalities for various embodiments of
the present invention.
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For FIG. 2B, detection may have been determined follow-
ing the regression modeling analysis as described in FIG. 1A,
atblocks 108-112. Specifically, the 11 images of FIG. 2B may
have been divided into pixel partitions, say 4x4 pixel parti-
tions. Pixel partition sets were then identified, each including
apixel partition from each of the 11 images corresponding to
acommon region of the patient’s eye. The RNFL thickness of
each pixel partition would be calculated and used in a regres-
sion model. Calculating the regression model for each pixel
partition set, by plotting the RNFL thickness over the time
period of the 11 images, would then determine a rate of
change value for the RNFL thickness of the common region
corresponding to the pixel partition set.

The red regions of image 224 represent regions of RNFL
thickness that changed sufficiently, according to the regres-
sion modeling, and were determined to be sufficiently abnor-
mal according to a fixed FDR threshold, described above at
Section IV. Specifically, regions highlighted as red may rep-
resent locations with RNFL progression where false discov-
ery rate is less than 5%. Similarly, the yellow regions of the
images in FIG. 2B represent regions of RNFL thickness that
changed sufficiently, according to the regression modeling,
and were determined to be sufficiently abnormal according to
hypothesis testing without a fixed FDR threshold, described
above at Section [V. Specifically, regions highlighted as yel-
low represent locations with RNFL progression at 5% signifi-
cant level without controlling the false discovery rate. Thus,
in some embodiments that detect for abnormalities using a
t-test without controlling for false discovery rate, the yellow
portions of images 224 show that there are abnormalities to a
confidence level of 95% in the yellow regions as early as Apr.
7, 2008, image 222 (Exam 3).

With progressively worsening results, controlling for the
false detection rate using at least one of the techniques
described herein, reveal an even clearer detection of abnor-
malities. These results are illustrated in the red portions of
images 224, most noticeably seen in the images from Jul. 27,
2009 to Jul. 21, 2011.

At Ttem 226, FIG. 2B also illustrates the degree of confi-
dence of detecting abnormalities, based on computing t-tests
with the results shown. These steps may be included in the
method step of block 112 of FIG. 1A, and may be based on
techniques described in Section IV. For example, under image
222, recorded on Apr. 7, 2008, there are two sets of numbers:
(R) and (Y), where (R) represents additional detection results
when controlling for the false detection rate, and (Y) repre-
sents additional results without controlling for the false detec-
tion rate. For (R) at item 222, FDR<=0.0%, meaning that
controlling for the false detection rate may not yet yield any
noticeable results. Indeed, there is no red yet shown at the
time of this image. However, for (Y), P<=0.050, meaning all
areas of image 222 colored in yellow are 1-P=1-0.050=95%
confident to show an abnormality at those regions. Given the
total number of spots colored in yellow, analysis using
embodiments of the present invention also showed a false
detection rate (FDR) out of all of these yellow spots to be
75.0%. Given then that 100%-75.0%=25.0% of the yellow
area is not a false detection (to a confidence level of 95%),
those with ordinary skill in the art would still determine that
an abnormality is present, even as early as April 2008.

Image 228, recorded on Jul. 27, 2009 (Exam 7), may illus-
trate another example of the degree of confidence of detecting
abnormalities. Here, there are red and yellow areas present
after detection analysis using techniques of the present inven-
tion. The yellow regions may be interpreted as above, since
P<=0.050. FDR=25.4%, meaning 74.6% of the yellow region
is highly likely (to a confidence level of 95%) that there is an
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abnormality in those areas. However, the areas in red are even
more convincing. P<=0.003 for red; in other words, all areas
in red are 1-P=1-0.003=99.7% confident to show an abnor-
mality at those regions. Also, since red controls for the num-
ber of false detections, FDR is set at 4.8%, meaning only
4.8% of the red area is a false detection at the 99.7% confi-
dencelevel. Therefore, the red region even more convincingly
shows that there may be a serious abnormality with the
patient’s eye.

Referring to FIG. 2C, image 240 shows that the detection
may be displayed in a color-coded map indicating the rates of
change of RNFL thickness at individual pixel partitions in the
latest follow-up visit. The rates of change of RNFL thickness
are shown in a color-coded scale on the right.

Referring to FIG. 2D, image 260 illustrates that not all the
detected changes are disease-related. After removing the
pixel partitions that represent age-related change, it is pos-
sible to generate a map showing disease-related change. The
area showing disease-related change is smaller than the one
showing both disease- and age-related change (FIG. 2C).
Thus, in some embodiments, methods may account for age-
related change in the eye in order to generate a more accurate
determination of disease-related change.

FIGS. 3 A-D are other illustrative results comparing vari-
ous techniques of the present invention and previously exist-
ing methods. These illustrations can all be interpreted using
similar analysis described for FIGS. 2A-D, above.

Referring to FIG. 3 A, test results 300 shows detection of
abnormalities using the Cirrus HD-OCT Guided Progression
Analysis. An abnormality may be detected on May 3, 2012,
based on the earliest image in August 2007. However, based
on techniques of the present invention, shown in test results
320, detection of abnormalities may be evident as early as
January 2011 with a false discovery rate <5%, fully 16
months earlier (FIG. 3B).

Referring to FIG. 3C, as shown in image 340, detection
may be displayed in a color-coded map showing the rates of
change of RNFL thickness at individual pixel partitions in the
latest follow-up visit.

Referring to FIG. 3D, image 360 illustrates RNFL changes
that are disease-related. A significant portion of the detected
changes in FIG. 3C was age-related.

Referring to FIG. 4A, images 400 show an example of a
healthy normal eye followed from Jul. 11, 2008 to Nov. 27,
2012. Significant progressive RNFL thinning was detected on
Jul. 30, 2012 with a false detection rate <5%. Detection may
be displayed in a color-coded map showing the rates of
change of RNFL thickness at individual pixel partitions in the
latest follow-up visit (FIG. 4B). Those with ordinary skill in
the art would determine that an abnormality is present,
according to typical techniques in the industry. However,
embodiments of the present invention are able to illustrate
that there was no disease-related change after adjusting for
age-related losses (FIG. 4C).

Referring to FIG. 4B, as mentioned previously, image 420
may illustrate a detection of an abnormality in the eye accord-
ing to existing commercial methods. However, referring to
FIG. 4C, as mentioned earlier, image 440 may take the same
patient and data, but determine that there is no disease-related
change after adjusting for age-related losses.

Embodiments of the present invention are unique and
advantageous in that it is believed no one has differentiated
disease-related change from age-related change in the eye
using a plurality of regression models, each for a different
region of the eye. Current methods include calculating the
rates of change of RNFL thickness over the entire image as a
whole, using pixel partitions of each image and comparing
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these calculated rates of change with the expected age-related
rates of change at the corresponding pixel partitions. Also, it
is believed no one has measured false discovery rates for each
measurement, nor used the false discovery rate to identify an
abnormality.

The spectral-domain optical coherence tomography is a
relatively new technology (introduced in 2006) for retinal
nerve fiber layer (RNFL) imaging, allowing for much growth
in improving detection methods and apparatuses. With high
speed and high resolution imaging, objective and reproduc-
ible measurement of the retinal nerve fiber layer has been
shown feasible. Measurement of progressive retinal nerve
fiber layer changes has become an important paradigm for
detection of progression in glaucoma patients. Embodiments
of the present invention therefore have enormous market
potential as there are currently a number of companies who
specialize in this field. The need for a more robust and sensi-
tive algorithm for detection of RNFL progression is emi-
nently needed in the market. Embodiments of the present
invention has been shown to detect abnormalities in RNFL
thickness levels in the eye up to 16 months before existing
commercial applications do, representing a superior advan-
tage over existing brands.

VII: Computer System

Having described multiple aspects of determine whether
abnormalities may exist in a patient’s eye using regression
models, an example of a computing system in which various
aspects of the disclosure may be implemented may now be
described with respect to FIG. 6. According to one or more
aspects, a computer system as illustrated in FIG. 6 may be
incorporated as part of a computing device, which may imple-
ment, perform, and/or execute any and/or all of the features,
methods, and/or method steps described herein. For example,
computer system 600 may represent some of the components
of'a medical device or imaging device. A medical device may
be any computing device with an input sensory unit, such as
a camera and/or a display unit. Examples of a medical device
include but are not limited to slit lamp digital imaging cam-
eras, ophthalmic photographers, optical biometers and
related computer systems and software. In one embodiment,
the system 600 is configured to implement the methods of
flowchart 100 or 150 described above. FIG. 6 provides a
schematic illustration of one embodiment of a computer sys-
tem 600 that can perform the methods provided by various
other embodiments, as described herein, and/or can function
as the host computer system, a remote kiosk/terminal, a point-
of-sale device, a mobile device, a set-top box, and/or a com-
puter system. FIG. 6 is meant only to provide a generalized
illustration of various components, any and/or all of which
may be utilized as appropriate. FIG. 6, therefore, broadly
illustrates how individual system elements may be imple-
mented in a relatively separated or relatively more integrated
manner.

The computer system 600 is shown comprising hardware
elements that can be electrically coupled via a bus 605 (or
may otherwise be in communication, as appropriate). The
hardware elements may include one or more processors 610,
including without limitation one or more general-purpose
processors and/or one or more special-purpose processors
(such as digital signal processing chips, graphics acceleration
processors, and/or the like); one or more input devices 615,
which can include without limitation a camera, a mouse, a
keyboard and/or the like; and one or more output devices 620,
which can include without limitation a display unit, a printer
and/or the like.

The computer system 600 may further include (and/orbe in
communication with) one or more non-transitory storage
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devices 625, which can comprise, without limitation, local
and/or network accessible storage, and/or can include, with-
out limitation, a disk drive, a drive array, an optical storage
device, a solid-state storage device such as a random access
memory (“RAM”) and/or a read-only memory (“ROM”),
which can be programmable, flash-updateable and/or the like.
Such storage devices may be configured to implement any
appropriate data storage, including without limitation, vari-
ous file systems, database structures, and/or the like.

The computer system 600 might also include a communi-
cations subsystem 830, which can include without limitation
a modem, a network card (wireless or wired), an infrared
communication device, a wireless communication device
and/or chipset (such as a Bluetooth® device, an 802.11
device, a WiFi device, a WiMax device, cellular communica-
tion facilities, etc.), and/or the like. The communications
subsystem 830 may permit data to be exchanged with a net-
work (such as the network described below, to name one
example), other computer systems, and/or any other devices
described herein. In many embodiments, the computer sys-
tem 600 may further comprise a non-transitory working
memory 635, which can include a RAM or ROM device, as
described above.

The computer system 600 also can comprise software ele-
ments, shown as being currently located within the working
memory 635, including an operating system 640, device driv-
ers, executable libraries, and/or other code, such as one or
more application programs 645, which may comprise com-
puter programs provided by various embodiments, and/or
may be designed to implement methods, and/or configure
systems, provided by other embodiments, as described
herein. Merely by way of example, one or more procedures
described with respect to the method(s) discussed above, for
example as described with respect to FIG. 1A or 1B, might be
implemented as code and/or instructions executable by a
computer (and/or a processor within a computer); in an
aspect, then, such code and/or instructions can be used to
configure and/or adapt a general purpose computer (or other
device) to perform one or more operations in accordance with
the described methods. The computer system 600 may also
comprise various hardware elements, such as imaging device
650. The imaging device 650 may perform various functions,
such as recording images or other forms of data.

A set of these instructions and/or code might be stored on
a computer-readable storage medium, such as the storage
device(s) 625 described above. In some cases, the storage
medium might be incorporated within a computer system,
such as computer system 600. In other embodiments, the
storage medium might be separate from a computer system
(e.g., a removable medium, such as a compact disc), and/or
provided in an installation package, such that the storage
medium can be used to program, configure and/or adapt a
general purpose computer with the instructions/code stored
thereon. These instructions might take the form of executable
code, which is executable by the computer system 600 and/or
might take the form of source and/or installable code, which,
upon compilation and/or installation on the computer system
600 (e.g., using any of a variety of generally available com-
pilers, installation programs, compression/decompression
utilities, etc.) then takes the form of executable code.

Substantial variations may be made in accordance with
specific requirements. For example, customized hardware
might also be used, and/or particular elements might be
implemented in hardware, software (including portable soft-
ware, such as applets, etc.), or both. Further, connection to
other computing devices such as network input/output
devices may be employed.
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Some embodiments may employ a computer system (such
as the computer system 600) to perform methods in accor-
dance with the disclosure. For example, some or all of the
procedures of the described methods may be performed by
the computer system 600 in response to processor 610 execut-
ing one or more sequences of one or more instructions (which
might be incorporated into the operating system 640 and/or
other code, such as an application program 645) contained in
the working memory 635. Such instructions may be read into
the working memory 635 from another computer-readable
medium, such as one or more of the storage device(s) 625.
Merely by way of example, execution of the sequences of
instructions contained in the working memory 635 might
cause the processor(s) 610 to perform one or more procedures
of the methods described herein, for example a method
described with respect to FIG. 1A or 1B.

The terms “machine-readable medium” and “computer-
readable medium,” as used herein, refer to any medium that
participates in providing data that causes a machine to operate
in a specific fashion. In an embodiment implemented using
the computer system 600, various computer-readable media
might be involved in providing instructions/code to
processor(s) 610 for execution and/or might be used to store
and/or carry such instructions/code (e.g., as signals). In many
implementations, a computer-readable medium is a physical
and/or tangible storage medium. Such a medium may take
many forms, including but not limited to, non-volatile media,
volatile media, and transmission media. Non-volatile media
include, for example, optical and/or magnetic disks, such as
the storage device(s) 625. Volatile media include, without
limitation, dynamic memory, such as the working memory
635. Transmission media include, without limitation, coaxial
cables, copper wire and fiber optics, including the wires that
comprise the bus 605, as well as the various components of
the communications subsystem 630 (and/or the media by
which the communications subsystem 630 provides commu-
nication with other devices). Hence, transmission media can
also take the form of waves (including without limitation
radio, acoustic and/or light waves, such as those generated
during radio-wave and infrared data communications).

In one or more examples, the functions described may be
implemented in hardware, software, firmware, or any combi-
nation thereof. If implemented in software, the functions may
be stored on or transmitted over as one or more instructions or
code on a computer-readable medium. Computer-readable
media may include computer data storage media. Data stor-
age media may be any available media that can be accessed by
one or more computers Or one or more processors to retrieve
instructions, code and/or data structures for implementation
of the techniques described in this disclosure. “Data storage
media” as used herein refers to manufactures and does not
refer to transitory propagating signals. By way of example,
and not limitation, such computer-readable media can com-
prise RAM, ROM, EEPROM, CD-ROM or other optical disk
storage, magnetic disk storage, or other magnetic storage
devices, flash memory, or any other medium that can be used
to store desired program code in the form of instructions or
data structures and that can be accessed by a computer. Disk
and disc, as used herein, includes compact disc (CD), laser
disc, optical disc, digital versatile disc (DVD), floppy disk
and blu-ray disc where disks usually reproduce data magneti-
cally, while discs reproduce data optically with lasers. Com-
binations of the above should also be included within the
scope of computer-readable media.

The code may be executed by one or more processors, such
as one or more digital signal processors (DSPs), general
purpose microprocessors, application specific integrated cir-
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cuits (ASICs), field programmable logic arrays (FPGAs), or
other equivalent integrated or discrete logic circuitry. Accord-
ingly, the term “processor,” as used herein may refer to any of
the foregoing structure or any other structure suitable for
implementation of the techniques described herein. In addi-
tion, in some aspects, the functionality described herein may
be provided within dedicated hardware and/or software mod-
ules configured for encoding and decoding, or incorporated in
a combined codec. Also, the techniques could be fully imple-
mented in one or more circuits or logic elements.

The techniques of this disclosure may be implemented in a
wide variety of devices or apparatuses, including a wireless
handset, an integrated circuit (IC) or a set of ICs (e.g., a chip
set). Various components, modules, or units are described in
this disclosure to emphasize functional aspects of devices
configured to perform the disclosed techniques, but do not
necessarily require realization by different hardware units.
Rather, as described above, various units may be combined in
a codec hardware unit or provided by a collection of interop-
erative hardware units, including one or more processors as
described above, in conjunction with suitable software and/or
firmware stored on computer-readable media.

Various examples have been described. These and other
examples are within the scope of the following claims.

What is claimed is:
1. A method for identifying regions of abnormalities in a
patient’s eye, the method comprising:
receiving a plurality of images of the patient’s eye, each
image obtained at a different time, wherein each image
of the plurality of images is comprised of a plurality of
pixels, each pixel indicating a time-varying characteris-
tic of a particular location in the patient’s eye;
dividing each image into a plurality of pixel partitions, each
pixel partition including one or more pixels;
identifying a plurality of pixel partition sets, each pixel
partition set comprising a pixel partition from each
image, wherein the pixel partitions of the pixel partition
set correspond to a common region in the patient’s eye;
for each pixel partition set:
for each pixel partition of the pixel partition set:
determining a respective value for the respective com-
mon region of the pixel partition set, wherein the
respective value corresponds to the time-varying
characteristic of the pixel partition at the time of the
corresponding image;
calculating, with a computer system, a regression model
from the respective values of the pixel partitions of the
pixel partition set, wherein the regression model com-
prises a rate of change value; and
determining whether the common region that corre-
sponds to the pixel partition set exhibits at least one
abnormality in the patient’s eye, based on whether the
rate of change value of the regression model is more
negative than a rate of age-related change.
2. The method of claim 1, wherein:
the rate of change value comprises a slope value, the slope
value being a coefficient of a term in the regression
model; and
detecting one or more regions of abnormalities is based
further on determining whether the slope value exceeds
the slope value of age-related change.
3. The method of claim 2, wherein:
the time-varying characteristic is a retinal nerve fiber layer
(RNFL) thickness;
the slope value represents the rate of change in the RNFL
thickness; and
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the regression model further comprises a baseline value
that represents the RNFL thickness of the earliest
recorded image, and an error value.

4. The method of claim 3, wherein the respective value for
the respective common region of the pixel partition set is an
average RNFL thickness of the pixel partition for the respec-
tive common region.

5. The method of claim 3, wherein the error value follows
a Gaussian distribution;

the method further comprising:

determining a false detection rate for each region of abnor-

mality detected, based on the error value; and
determining, for each region of abnormality, a likelihood
an abnormality detected is a false positive, based on the
false detection rate for each region of abnormality,
wherein determining whether the common region that cor-
responds to the pixel partition set exhibits at least one
abnormality in the patient’s eye is based further on the
likelihood the abnormality detected is a false positive.

6. The method of claim 1, wherein the regression model is
a polynomial of order at least one, and wherein the rate of
change value is a coefficient of the linear term or greater term
of the polynomial.

7. The method of claim 1, wherein the plurality of images
comprises at least three images that are recorded successively
over time.

8. The method of claim 1, wherein the pixel partitions
comprise at least a single pixel.

9. The method of claim 1, further comprising:

recording the plurality of images of the patient’s eye using

an imaging device.

10. An apparatus for identifying regions of abnormalities in
a patient’s eye, comprising

a processor configured to:

receive a plurality of images of the patient’s eye, each

image obtained at a different time, wherein each image
of the plurality of images is comprised of a plurality of
pixels, each pixel indicating a time-varying characteris-
tic of a particular location in the patient’s eye;

divide each image into a plurality of pixel partitions, each

pixel partition including one or more pixels;

identify a plurality of pixel partition sets, each pixel parti-

tion set comprising a pixel partition from each image,
wherein the pixel partitions of the pixel partition set
correspond to a common region in the patient’s eye;
for each pixel partition set:
for each pixel partition of the pixel partition set:
determine a respective value for the respective com-
mon region of the pixel partition set, wherein the
respective value corresponds to the time-varying
characteristic of the pixel partition at the time of the
corresponding image;
calculate a regression model from the respective values
of the pixel partitions of the pixel partition set,
wherein the regression model comprises a rate of
change value; and
determine whether the common region that corresponds
to the pixel partition set exhibits at least one abnor-
mality in the patient’s eye, based on whether the rate
of change value of the regression model is more nega-
tive than a rate of age-related change.
11. The apparatus of claim 10, wherein:
the rate of change value comprises a slope value, the slope
value being a coefficient of a term in the regression
model; and



US 9,117,121 B2

21

the processor is further configured to determine whether
the slope value exceeds the slope value of age-related
change.

12. The apparatus of claim 11, wherein:

the time-varying characteristic is a retinal nerve fiber layer

(RNFL) thickness;

the slope value represents the rate of change in the RNFL

thickness; and

the regression model further comprises a baseline value

that represents the RNFL thickness of the earliest
recorded image, and an error value.

13. The apparatus of claim 12, wherein the respective value
for the respective common region of the pixel partition set is
an average RNFL thickness of the pixel partition for the
respective common region.

14. The apparatus of claim 12, wherein the error value
follows a Gaussian distribution; and

the processor is further configured to:

determine a false detection rate for each region of abnor-
mality detected, based on the error value; and

determine, for each region of abnormality, a likelihood
an abnormality detected is a false positive, based on
the false detection rate for each region of abnormality,

wherein determining whether the common region that
corresponds to the pixel partition set exhibits at least
one abnormality in the patient’s eye is based further
on the likelihood the abnormality detected is a false
positive.

15. The apparatus of claim 10, wherein the regression
model is a polynomial of order at least one, and wherein the
rate of change value is a coefficient of the linear term or
greater term of the polynomial.

16. The apparatus of claim 10, wherein the plurality of
images comprises at least three images that are recorded
successively over time.

17. The apparatus of claim 10, wherein the pixel partitions
comprise at least a single pixel.

18. The apparatus of claim 10, further comprising an imag-
ing device configured to record the plurality of images of the
patient’s eye.

19. A computer program product residing on a non-transi-
tory processor-readable medium and comprising processor-
readable instructions configured to cause a processor to:

receive a plurality of images of the patient’s eye, each

image obtained at a different time, wherein each image
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of the plurality of images is comprised of a plurality of
pixels, each pixel indicating a time-varying characteris-
tic of a particular location in the patient’s eye;
divide each image into a plurality of pixel partitions, each
pixel partition including one or more pixels;
identify a plurality of pixel partition sets, each pixel parti-
tion set comprising a pixel partition from each image,
wherein the pixel partitions of the pixel partition set
correspond to a common region in the patient’s eye;
for each pixel partition set:
for each pixel partition of the pixel partition set:
determine a respective value for the respective com-
mon region of the pixel partition set, wherein the
respective value corresponds to the time-varying
characteristic of the pixel partition at the time of the
corresponding image;
calculate a regression model from the respective values
of the pixel partitions of the pixel partition set,
wherein the regression model comprises a rate of
change value; and
determine whether the common region that corresponds
to the pixel partition set exhibits at least one abnor-
mality in the patient’s eye, based on whether the rate
of change value of the regression model is more nega-
tive than a rate of age-related change.
20. The computer program product of claim 19, wherein:
the regression model further comprises a baseline value
that represents the RNFL thickness of the earliest
recorded image, and an error value;
the error value follows a Gaussian distribution; and
the instructions are further configured to cause the proces-
sor to:
determine a false detection rate for each region of abnor-
mality detected, based on the error value; and
determine, for each region of abnormality, a likelihood
an abnormality detected is a false positive, based on
the false detection rate for each region of abnormality,
wherein determining whether the common region that
corresponds to the pixel partition set exhibits at least
one abnormality in the patient’s eye is based further
on the likelihood the abnormality detected is a false
positive.



